INTRODUCTION
Prostate cancer is a deadly disease that warrants early detection. There are an estimated 200,000 new cases and 25,000 deaths from prostate cancer each year in the US alone [1] . Although most men diagnosed with prostate cancer will not die as a result of this disease, Gleason grades 3 and 4 cancer cells (graded on a scale of 1 to 5), which are identified at biopsy, are generally recognized as aggressive cancers that require treatment. The standard blood test used to identify men for prostate biopsy measures the concentration of prostate-specific antigen (PSA). This test primarily detects benign prostate hyperplasia (BPH), so only 20 -30% of biopsies are found to be positive for cancer. For those men who are at high risk for developing prostate cancer, such as those who have a positive family history, a negative biopsy is usually followed by a second biopsy. Approximately 10% of repeat biopsies are found to be positive for cancer. Thus, there is potential value in a gene-based test to aid the pathologist in the visual inspection of the biopsy tissue and, perhaps, to identify those men with negative first biopsies that should undergo a second biopsy for cancer detection.
Tissue microarray studies have been instrumental in identifying new gene candidate markers for prostate cancer [2] [3] [4] [5] [6] . In this paper, the authors describe discovery using gene expression databases for both cancer and noncancer prostate cells obtained by laser microdissection from radical prostatectomy specimens. They evaluated the gene expression profiles of prostate cells, taking into account the zonal origin and histological tissue classification. They are also preparing a future paper that will provide a detailed analysis of the gene expression characteristics of prostate cells by tissue zone and cancer grade. Analysis of the gene expression data with support vector machine (SVM) algorithms [7] yielded accurate tissue classification according to histological categories. Additional analysis of those genes with the recursive feature elimination algorithm (RFE) [8] resulted in small gene sets that were predictive of grade 3 and grade 4 prostate cancers. Through this discovery approach, the authors have identified a diagnostic molecular signature consisting of only 4 genes and have designed a practical, cost-effective RT-PCR assay. This assay is highly accurate for detecting the presence of grade 3 or grade 4 cancer cells in prostate biopsy tissue.
METHODS

DNA Microarray Data
The authors performed gene discovery with a dataset of 87 prostate cell preparations representative of the 3 anatomic zones of the prostate (central, CZ; peripheral, PZ; transition, TZ) and histological Gleason grades 3 and 4 cancer cell preparations.
The histology and Gleason grades are shown in Table 1 . The gene expression data for these cell preparations was provided by Thomas Stamey, MD, Emeritus Professor at Stanford University Medical Center. The tissue cell types were laser microdissected from frozen sections of the prostates obtained from patients having undergone prostatectomy. The cells were analyzed with an Affymetrix U133A microarray (Affymetrix, Santa Clara, CA), which reveals the gene expression of over 20,000 genes using a previously published protocol [9] . An average of the differences in fluorescence between the perfect match and mismatch pairs was provided by the Affymetrix GeneChip® reading software. This software was used in all subsequent calculations as the gene expression coefficients.
For validation of the gene discovery, the authors used publicly available gene expression data reported in the Oncomine repository [10] . The published gene expression databases [11] [12] [13] [14] , which are listed in Table 2 , used the U95A Affymetrix array consisting of approximately 12,500 genes. These gene expression data sets were not generated from laser micro dissected cells, did not contain zonal and histological annotations, and only defined the tissues as cancer or noncancer. In order to carry out comparative analysis using data from both the U133A and U95A arrays, the authors reduced the U 133A gene set to 6830 genes having identical or highly similar probes on both arrays. They restricted themselves to the task of discriminating cancer from noncancer tissues.
RT-PCR Methods and Data
According to methods described in the data analysis section, the authors identified a 4-gene signature suitable for separation of cancer from noncancer prostate cells. To validate this gene signature as a diagnostic test for prostate cancer, Tissue preparation. The freshly collected frozen tissue was thawed and homogenized in lysis buffer following collection. The lysate was further processed using the Qiagen RNA Blood Mini extraction protocol (Qiagen, Valencia, CA). The RNA samples were DNase treated following the RNA isolation. The RNA quality was assessed by the RNA integrity number (RIN) using the Agilent Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA). The paraffin-embedded formalin fixed tissues were sectioned at 5.0 μM on glass slides. The tissue sections were assessed for areas of interest by a pathologist using an H&E stained slide. The targeted areas were selectively removed from the unstained slide using a manual microdissection technique. The collected tissue was digested for 5 hours using Proteinase K and a digestion buffer optimized for RNA isolations. The lysate was further processed using a column-based Qiagen RNA extraction protocol. The samples were DNase treated following the isolation. The RNA yield was determined using a NanoDrop 1000 (NanoDrop, Wilmington, DE), and all samples were brought to a uniform final concentration.
Oligonucleotides. The primers and probes for IMPDH2 and PDLIM5 were obtained from Applied Biosystems TaqMan Gene Expression Assays (Applied Biosystems, Foster City, CA). The primers and probes for HSPD1 and UAP1 were designed using Primer Express v. 2.0 (Applied Biosystems). All primer sets and probes spanned an exon boundary and generated amplification products of similar sizes. The reaction efficiencies were evaluated for each set and determined to have comparable efficiencies. Various combinations of primers and probes were evaluated in multiplex reactions to find the best arrangement. Additionally, expression analysis was evaluated for each gene using prostate tissue to determine which genes had similar expression levels relative to each other. The most efficient and robust arrangement was found to be IMPDH2 and HSPD1 in one reaction and PDLIM5 and UAP1 in a second reaction. Table  4 lists the primer information and sequences.
Reference Genes. During the initial development of the assay, the authors evaluated a number of reference genes for use in the quantitative RT-PCR assays. They used prostate samples that were evaluated by a pathologist and determined to be either normal, benign prostatic hyperplasia, or cancer to evaluate the stability of various reference genes. Five genes were found to be acceptable for use as reference genes for quantitative gene expression analysis. All 5 reference genes were assayed for each sample. Quantitation of the target gene expression was assessed for each gene individually and relative to the geometric mean expression of the reference genes. Following evaluation of all 5 reference genes, beta-2-microglobulin (B2M) was found to have the most stable expression overall. B2M performed better than any individual gene and was comparable to the average of the 5 reference genes.
RT-PCR Assay. All RNA samples were assayed using one-step realtime RT-PCR (Applied Biosystems, Foster City, CA). A uniform quantity of input RNA was evaluated for each gene in duplicate reactions. Various concentrations of primers and probes were tested for each reaction to find the optimal reaction conditions. The most efficient and robust amplification was generated using 0.9 μM for each primer and 0.25 μM for each probe. The reactions were all found to have balanced amplification using the same primer and probe concentrations for each gene. All samples were determined to be free of contaminating DNA by running minus RT reactions for each sample. All samples were run on an ABI 7900HT using SDS v. 2.3 (Applied Biosystems, Foster City, CA). The relative expression data were determined for each target and reference gene using consistent settings for each run. Standard curves were prepared using Universal RNA (Stratagene, La Jolla, CA). The dilution series ranged from 100 ng to 10 pg of total RNA. Standard curves and calibration controls were run for each gene to generate relative quantitative values and assess amplification efficiency as well as run-to-run variation.
Data Analysis
The gene expression coefficients were processed by a suite of data analysis algorithms in Matlab® (The Mathworks). The mathematical problem was reduced to a two-class classification problem. In Table 1 , grade 3 and grade 4 samples were labeled as cancer and all others as noncancer; in Table 2 and Table 3 tumor samples were labeled as cancer and all others as noncancer. A gene signature was defined using the discovery data (Table 1) and then validated with the microarray validation data (Table  2 ) and the RT-PCR test data (Table 3) Step b reduces the variance due to sample processing.
Step c suppresses the effect of variation of abundance in mRNA between genes.
Repeating step b and step c further reduces undesired scaling variability.
Step f reduces the problem of outliers.
Step 1. Univariate gene ranking. Using discovery data, the gene expression coefficients were ranked on the basis of the area under the ROC curve (AUC) of individual genes to identify genes most characteristic of cancer (ie, separating best cancer samples from non-cancer samples). A single gene may be used for classification by setting a threshold on its expression value.
Varying the threshold allowed the authors to monitor the tradeoff between sensitivity and specificity and obtain the ROC curve, which plots sensitivity vs specificity (sensitivity is defined as the rate of successful disease tissue classification; specificity is the rate of successful control tissue classification). The area under that curve (AUC) is a number between 0 and 1 providing a score, independent of the choice of the threshold, such that larger values indicate better classification power. Thus, ranking on the basis of the AUC allows us to assess the classification power of individual genes. The statistical significance of the genes selected with this criterion was assessed with the Wilcoxon-Mann-Whitney test, from which the authors obtained a P value. The fraction of insignificant genes in the top r ranked genes or false discovery rate was estimated with FDR ~ pvalue. n 0 /r, where n 0 is the total number of genes under consideration [15] . Only genes overexpressed in cancer with FDR ≤ 10 -5 were retained for further analysis.
Step 2. Multivariate analysis. Using the genes retained in step 1, a smaller subset of complementary genes was selected by multivariate analysis. Recursive feature elimination (RFE) [8] was carried out on discovery data using as selection criterion the magnitude of the weights of a regularized linear classifier, similar to a support vector machine (SVM) [7] . In this application, features or variables are gene expression coefficients. This procedure results in nested subsets of genes, each of which is associated with a multivariate classifier performing a linear combination of gene expression coefficients to obtain a discriminant value. A threshold is set on that value to decide whether a sample is cancer or noncancer. The predictive power of the gene subsets was then evaluated with the AUC criterion (similarly as in step 1), but computed for the multivariate discriminant value rather than for single gene expression coefficients. The evaluation was done using the independent microarray validation data (Oncomine repository, Table 2 ). A subset of genes with high predictive power was selected to comprise the diagnostic gene signature.
Step 3. RT-PCR validation. The RT-PCR data were used to evaluate the accuracy of the gene signature for tissue classification. The testing was done in a blinded manner. The tissues were classified using a simple average of the log expression values of the chosen genes normalized by B2M expression, without knowledge of the tissue categories. Confidence intervals (CI) for the sensitivity (at 90% specificity) and specificity (at 90% sensitivity) were computed using the adjusted Wald method [16] . 1 After the release of the class labels, 10 times ten-fold cross-validation experiments were carried out to evaluate the potential benefit of retraining a classifier with the RT-PCR data, rather than using the simple average of the expression values as a prediction score. Finally, the prediction score was mapped to a probability using logistic regression [17] . The authors used the Matlab® statistics toolbox.
RESULTS
Development of the 4-Gene Signature
In step 1, using the discovery data from the 87 cell preparations (Table 1) , the univariate AUC gene ranking method selected 63 genes with an AUC ≥ 0.84 and a false discovery rate of less than 10 -5 . Of those, the authors retained n 1 = 19 genes that were overexpressed in cancer (Figure 1) . Multivariate analysis was then carried out (step 2). The RFE method [8] produced nested subsets of genes of decreasing numbers and, for each subset of genes, a corresponding predictor for the classification of tissues into cancer vs noncancer. Performance was evaluated with the AUC using validation data. As validation data, the authors used the 164 samples from the Oncomine data (Table 2 ). In Figure  2 , the authors plotted the performance of all the predictors obtained by the RFE method, as a function of the size of the gene subset (red markers). According to these results, an AUC of 0.94 ± 0.02 is reached with only 2 to 4 genes. Even though 2 genes appear to be sufficient to reach the best results analysis, unknown sources of variability may degrade performance when moving from microarray to RT-PCR data. Therefore, the authors decided to use 4 genes for the RT-PCR validation (Table 4 ). For comparison, the authors also plotted the average performance of 50 classifiers trained on subsets of genes of the same size drawn at random among the n 1 = 19 preselected genes (blue markers). The curve indicates that an AUC value of > 0.9 is achieved on average with subsets of 4 randomly selected genes. This increased the authors' confidence that 4 genes should suffice for the gene signature. Figure 3 shows the individual ROC curves of the four genes selected and the ROC curve for the classifier based on all 4 genes, estimated with the validation data. The tissues were classified according to the sign of a prediction score, where a positive value indicates cancer and a negative value indicates noncancer tissue. In the course of the study, the authors received the data in consecutive phases. They performed blind tests by adjusting the bias value b of the prediction score on data received previously and making predictions on new data, not knowing in advance the identity of the tissues. Using phase 1 data to adjust b, followed by testing on phase 2 data, only 2 tissues were misclassified. Similarly, by adjusting the bias on the data of the two first phases and testing on the last one, only 2 tissues were misclassified.
Development and Assessment of the 4-Gene RT-PCR Test
After the identity of the tissues was revealed, the authors performed 10 times ten-fold cross-validation experiments to compare various classification techniques including Support Vector Machines (SVM) [7] .
They found no statistically significant performance differences, so they decided to use the simplest model: the prediction score S performing a simple average of normalized log expression values.
Varying the bias b on the prediction score S allowed the authors to monitor the trade-off between the sensitivity (fraction of cancer tissue well classified) and the specificity (fraction of control tissues well classified). Figure 4 contains a plot of sensitivity vs specificity (ROC curve) for all RT-PCR samples (n=71) used as test examples. The diagnostic molecular signature achieved an area under the ROC curve AUC=0.97. The authors singled out 2 points of interest on the curve: specificity at 90% sensitivity and sensitivity at 90% specificity, for which they obtained 97% specificity (86%-100%, 95% CI) and 97% sensitivity (83%-100%, 95% CI), respectively.
Although the sign of the prediction score S allowed the authors to classify samples into cancer vs noncancer, its magnitude further informed them of the confidence with which this classification was performed. For ease of interpretation of S as a confidence, it can be mapped to a score between 0 and 1 providing an estimate of the probability that the sample is cancer:
Using logistic regression [17] , the authors obtained the following estimates for the parameters a and b: a=2.53 and b=5.94. These can be readjusted as more data become available.
DISCUSSION
The authors analyzed a microarray dataset of over 20,000 genes and identified a molecular signature of 4 genes, which are highly overexpressed in grade 3 and grade 4 prostate cancer cells when compared with noncancer prostate cells and BPH tissue. The discriminative power of this gene signature was Prostate cancer is a complex disease involving many gene pathways, which include apoptosis, cellular proliferation, inflammation, and angiogenesis. Hence, the authors expected that a set of complementary genes might include genes from different pathways, related to the male reproduction system and to cancer mechanisms. The 4 genes identified in the present study are representative of cancer-associated pathways (Table  5) . UAP1 is a sperm-associated antigen involved in aminosugar metabolism and is associated with androgen response [18] , male infertility [19] , and cancer [20] . PDLIM5 is part of several signaling pathways including protein kinase C (PKC) and was found overexpressed in prostate cancer [19, 21, 22] . IMPDH2 is part of the guanine nucleotide biosynthesis pathway and is related to apoptosis [23] . HSPD1 is heat shock protein (chaperonin) involved in protein folding and apoptosis [24] . Although much work remains in order to fully characterize the role of these 4 genes in prostate cancer, these literature reports give credence to their potential role in the development of prostate cancer. The present data demonstrate their diagnostic application in this gene signature test for the detection of prostate cancer cells in biopsy and prostatectomy tissues. Additional studies are underway to assess the gene expression in prostatic intraepithelial neoplasia (PIN) and high grade PIN, as well as the stromal component surrounding the cancer foci. Other studies are underway to assess the potential diagnostic utility of this 4-gene signature in prostate cells that are released into urine. 
